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GCA-MobilenetV2-YOLOv4 algorithm for intensive rebar counting

Liu Hao Xin Shan

(School of Electrical and Information Engineering, Beijing University of Civil Engineering and Architecture,Beijing 102627, China)

Abstract: To improve the counting efficiency of steel bars in construction sites, an improved lightweight YOLOv4
algorithm is proposed based on the insufficient computing power of hardware equipment in construction units and the
dense occlusion of steel bar image objects. GCA-MobilenetV2 lightweight network is proposed to replace
CSPDarknet53 as the main feature network of YOLOv4 algorithm. Aiming at the situation of dense steel bar images
and serious occlusion between objects, attention-CSP-PANet structure integrating channel attention mechanism is
proposed. Aiming at the large number of SPP structure parameters in deep network, DepthLite-SPP structure is
proposed to enhance the receptive field of deep network and improve the detection speed of the algorithm. In view of
the imbalance between positive and negative samples of the one-stage regression algorithm, CIOU-Focal loss function is
designed. The experimental results show that the detection accuracy of the steel bar data set is 98.78% , which is
3.36% higher than that of the original algorithm. The detection speed FPS is 7. 6, and the number of parameters is
only 1/3 of the original algorithm,

Keywords: steel counting; improved YOLOv4; GCA-MobilenetV2; attention-CSP-PANet structure; DepthLite-
SPP structure
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4 Faster-RCNN 600 ResNet101 38 589 357 70. 22 7.08
5 Yolox 640 Darknet 99 096 338 76. 27 28.78
6 Yolov3 416 Darknet 62 001 757 84.38 20.91
7 Retinanet 512 ResNet50-fpn 36 382 957 95. 81 25.28
8 Multi-YOLOv4 416 Multi-CSP 113 017 037 90. 64 12. 54
9 YOLOv4 416 MobilenetV1 40 580 342 94.78 27.68
10 YOLOv4 416 MobilenetV3 39 617 914 94. 56 27.91
11 Yolov5_x 416 CSP 87 244 374 98. 81 20. 94
12 Ours 416 GCA-MobilenetV2 18 133 742 98.78 29. 04
13 Ours 800 GCA-MobilenetV2 18 133 742 99. 34 23.02
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5 46 & woF o

¥ #H K

B 4 2 S5 50 2 A8 75 B BE [T )3 9 Faster RONN BvA 9
b b B e AR B T P4, B Faster-RCNN
BERHITEUE S P RIACR . S5 3 2RIMS%X
BRY B R VGG BILEE K il T A2 VGG 850 P s i
1 1 & 17 (squeeze-and-excitation, Se) , 3 7 1f 18 /5 B 18
Ao S X) b, Faster-RCNN 3% — % Bir B B U5 89 B 5
Ao B 0k, 7E 5 A5 B IR R b A S 0N BE AR, A6 2 BE 48
1 &, A8 A 70 T I 3 58 L S T RO 55

JHy 5 A COCO Bd 42 bR B 2 1 Yolox™ " 5
W0 g SE B X b, TR N A BOHE A P Yolox BBk TG4
Canchor-free) {1y A6 I 7 32 46 T 3 £ P, L A6 300 G AR 7 52
B 6 19 Yolov3 ik, TN # A LR EM AR H £ . Fh 2810
— BIE B, To B B A B I R T M 4R E Bl R, B Rk
RS BE A, IR 4 HE Canchor-based) £ i /8 77 325 B8 3& & 41
TS

SEES 7 RS SCHR9 R Y Retinanet 53, 32 T4F
TE M % 2 ResNet50-FPN &5 44, T o #2 % F 22 JE# K
{E I (Soft- NMS™) Bk 7 5 Bt 43 8. A SCR LM L
KRG B T 2. 852 KR FPS 2/ 1 3.76, &
WERRT 4 1.4 Mg BRI .

NI PR EA, LR 8 ESH
SCERL21]2 RE B Y YOLOv4 533% , 38 i Bt ik PANet
Wkt Hr 3 AN IS R T 5 AL 3R RUEE W R K R
R0 AEAR Y 2 B0 R, A0 0 T S8, I R A E 8 B VR R
MR, AR R R R B BEAF & PANet 85819 3 N FR1E
PEL i S BT B 8 R A DK BE I X T A O
BRI,

I 9.10 BE T YOLOv4 B R B R 8 HK N 41
7 Mobilenet V1Y fl Mobilenet V3™, B 47 #; I 3 B He,
GPUB NS, 5F 1HTE 2 (G WIUEME,
MobilenetV2 S5 7E AN A B8 S Th R ROR 47 . B A
LK Fl Mobilenet V2 S5 #4124 50k B9 = T RAAE I 4%

ST 11 J2 Yolovs_xM™ 29, 3 i3 % Hu A SCHE H i ik
RS R, B R DU ORS BE R RN B BE R, SR ALh
Yolovs_x HEg 1/4. X% 800 Wk A4k B, 4 & & ik
99. 34 %6 , K M AR AR TS T Yolovs_x Bk,

22 LA SR ) GCA-MobilenetV2-YOLOvA 25 41
VI A 3 A B 1 T N A RO R P R T A AR I RIOR L T
G N T T EUL 55, /B LS A% AR 19 5 s vk

ASCHR B TR SCR A B, SRAEEW
EERFURXT L 8 Frn . BATH B BECRER T

YOLOv4 &k,

Yolov

B8 7k S T I Y S AR

2.3 HHBRIGEE

AR A (12) iR 22 0 18 7 AR AR b L
BARBIENH T ENRR, T, RS RE R LELER
BB, P, RABHKEFBUIHENEE.

n 5=

TESCPR AR SR B8 vb L 3l i BE VLA 5% 230 5K A5 & A
3t 30 134 MEBAG , 75K 3 AR BB h#E AT THEORUR X
Wo AT EMILEE L YOLOvA 78 MAE iH8 A
4. 44 BT AR T TR B A B RO . S
Bk B, FATT B9 7 ik A S B IR O80T  HEf oR
v B A TR 5

(12

K3 FAEEENNGITHER

Bk Faster-RCNN Retinanet Yolov3

YOLOv4 Yolovs x Yolox Ours

MAE 37.66 7.50 13.28

6.72 3. 37 34. 69 2.28

- 172



3 . @ % E AR 38 GCA-MobilenetV2-YOLOv4 3%

59

3 5 it

-l

R BT RS AR - P SR BT
hE A, ASCERH IR YOLOv4 B FRA6 i 5 ik 3E17 40
Mg, S f U A R 22 RUBE L B i 2 4 ik R0 S £ 1)
B, 42 A A GCA 1 & J1 9 GCA-Mobilenet V2 2 & {1k 45
¥, 54 0 18 3 & A attention-CSP-PANet $F1E & 5
B, AR 2R, A SCHR T DepthLite-SPP 2 &
L5, B YOLOv4 5k iy 38 58 Bk 32 57 SPP 45 # 77 7F
B T S A ) R, 7P o X B X A R, AR SO R
BB B MRS B T 36 98. 78 %0 WS 4R T . XTI
YOLOv4 4255 T 3. 36 % , 24 % F (800, 800) iy A 4E i . i
TS BE R 7% 99. 34%, YOLOvA ¥EA SO SZBR 3R b FPS
g 21 44, AR SCHE D A SR AR R I SR O 29. 04, [F R 5
RT AT FT A LA B R R SR T . W e Bk N
TS T b AR Oy W AL RS Y S L s B R IR B
T A T R R AN T AR I T R AL A 4 R A T
DLSR 8 T Ml A P ARe . 8 ST B O o R AR 4 28T I X
B A 2 T SR AN A R RL™ E A S LR R B
IR I oA e 70 A 37 4 3 B R AL 3R B AL B 1A 1
2,
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